Background {#Sec1}
==========

National food consumption surveys are essential policy instruments and have been carried out successively in many countries \[[@CR1], [@CR2]\]. They serve many purposes, such as identifying nutrient inadequacies at the population level, assessing the risk of hazardous substances, and developing dietary guidelines \[[@CR1], [@CR3]\].

The 24-h dietary recall (24HR) has been frequently used as the primary dietary assessment method for collecting national food consumption data \[[@CR4], [@CR5]\]. As an open-ended and retrospective method, 24HR is less likely to alter diet behaviour and has a lower literacy requirement for the participants than food records \[[@CR6], [@CR7]\]. Traditionally, interviewers collect information about the foods consumed during the preceding day or the previous 24 h by triggering the participant's memory using different cues to increase the completeness of the survey \[[@CR8]\]. This method collects sufficient food consumption data but has a long interview duration and a rather complicated data handling procedure \[[@CR9], [@CR10]\].

With the advent of computers, several comprehensive dietary assessment protocols have been incorporated into computer-assisted 24HR interview software used in large-scale studies \[[@CR5], [@CR11], [@CR12]\]. These protocols standardize the dietary data collection procedure and help the respondents recall their food intake to the maximum extent \[[@CR13]\]. Examples include the Automated Multiple-Pass Method (AMPM), developed by the U.S. Department of Agriculture (USDA) to conduct the dietary interview for the National Health and Nutrition Examination Survey \[[@CR14]\]. In Europe, the International Agency for Research on Cancer (IARC) has developed the menu-driven 24HR software GloboDiet (previously known as EPIC-Soft), which was validated to be used in food consumption surveys in European countries \[[@CR15], [@CR16]\].

In the multiple-pass protocol of GloboDiet, the most time-consuming step is the collection of detailed information on each consumed food (i.e., food description). Details of each food item are collected through prompt windows for facets, which represent various characteristics of food, such as fat content, cooking method, and brand name. The predefined answers to the facet questions were called descriptors, such as full fat, semi-skimmed, and skimmed \[[@CR17]\]. The use of facets and descriptors standardize the interview among different interviewers and characterize the consumed foods in aspects relevant for the study purposes, such as the content of nutrients and potentially hazardous chemicals \[[@CR18]--[@CR20]\].

Although applying a large number of facets and descriptors provides a high level of detail, the duration, and cost of the survey rise accordingly \[[@CR7]\]. Specifically, the interviewers ask more questions during the interview, and the dieticians have to link all new food-descriptor combinations to the food composition database manually after the interview \[[@CR10], [@CR21], [@CR22]\]. Furthermore, some food characteristics that require reading food labels (e.g., fortification) or knowledge about the preparation of the food (e.g., type of fat used) are difficult for many of the participants \[[@CR1], [@CR23]\]. Therefore, an investigation is needed on whether a reduction in food characteristics could improve the cost-effectiveness while maintaining data quality of the survey.

The current study aims to evaluate facet importance in predicting nutrient contents of foods, the impact on population nutrient intake distributions and the time saved after deleting less important facets from the data collection procedure.

Methods {#Sec2}
=======

Data collection {#Sec3}
---------------

In the Netherlands, Dutch National Food Consumption Surveys (DNFCS) monitors the food consumption of the general Dutch population. The data used in this study came from the DNFCS performed from 2007 to 2010 on the diet of children and adults aged 7 to 69 years. Study design, recruitment, and results have been described elsewhere \[[@CR24]\]. Subjects were excluded if they were pregnant, lactating, institutionalized or did not speak adequate Dutch. In total, 3819 participants (69%) were qualified and responded to the survey.

Dietary intake of participants was collected through two 24HRs on non-consecutive days with 2--6 weeks in between. Trained dieticians conducted the 24HRs for 2522 persons aged 16 and older through telephone interviews. The 24HRs for 1297 children between 7 to 15 years old were collected by face-to-face interviews with the presence of their caretakers during home visits. All interviews were conducted following the same data collection and handling protocol.

During both face-to-face and telephone 24HR interview, dieticians used the multi-step computer-based interview software GloboDiet to guide the interview and to enter the data in the computer. The average time needed to complete one face-to-face 24HR interview and one telephone interview was 41 min and 46 min, respectively. The GloboDiet interview consists of the following five steps: 1. Collection of the general information, 2. Listing of foods and recipes consumed throughout the day, 3. Specification of details of foods by choosing descriptors of relevant facets and consumed amounts, 4. Quality check of inaccurate input, and 5. Dietary supplement intake \[[@CR15]\]. The collection of details in step three took about 15 min. IARC provided common facets and descriptors for countries that used Globodiet as their data collection software. The actual selection of facets and descriptors could be adjusted according to country/study-specific situations. A total of 16 facets with varying numbers of descriptors was selected by experienced dieticians to be included in the GloboDiet accustomed for DNFCS 2007--2010, based on the Dutch food market and the purposes of the data collected (Table [1](#Tab1){ref-type="table"}).Table 1The list of facets and the examples of the corresponding descriptors in Globodiet for DNFCS 2007--2010Facet NamesNumber of DescriptorsExamples of Descriptors1Source21beef, goat, pork ...2Physical state/form as quantified28liquid, reconstituted from powder, minced ...3Cooking method28cooked, baked, barbecued ...4Preservation method13canned, frozen, dried ...5Packing medium22canned in oil, canned in water ...6Flavoured component37nuts, spices, mint ...7Sugar content6non sweetened, sweetened, sugar reduced ...8Fat content39whole, partially skimmed, skimmed ...9Type of packing4in box, in paper, in bottle ...10Food production12homemade fat used known, commercial fat used unknown ...11Enriched/fortified11vitamins, mineral components, dietary fibre\...12Brand name (yes/no)^a^2yes, no13Skin consumed3undefined, without skin, with skin14Visible fat consumed3undefined, without visible fat, with visible fat15Type of fat used2no fat used, choose from the food list16Type of milk/liquid used13milk, whole milk, skimmed milk\...^a^A brand name would be entered if participants chose the descriptor 'yes', entered brand names were not put in the random forest analysis in this study

Data handling {#Sec4}
-------------

The total collected consumption data from all participants for the two 24HRs has 219,006 food records, with 350,369 descriptors ranging from 0 to a maximum of 8 for each record. A number of 26,679 unique combinations of foods with descriptors was reached. Trained dieticians linked all combinations to 1599 most appropriate food codes in the Dutch National Food Composition Database (NEVO Table 2011/3.0), which contains energy, macro- and micronutrient contents of 2389 food codes in total \[[@CR25]\].

Statistical analysis {#Sec5}
--------------------

To assess the importance of the GloboDiet facets in predicting the nutrient contents of consumed foods in DNFCS, we used random forest \[[@CR26]\]. Random forest is a prediction model that consists of a multitude of decision trees. Each tree is trained on different subsets of training data, and the remaining data (not used for the training) are used to estimate prediction error and variable importance. In our study, foods consumed by all participants in both 24HRs were used for predicting facet importance, the number of randomly selected variables to be considered when splitting the tree at each node was set to its default value (mtry = Total number of predictor variables/3); the number of trees for each nutrient was set at 10,000. Stratified by food group, the importance of a facet (denoted by %IncMSE), was calculated as the percentage increase in prediction error, when data for that facet were permuted in the dataset while keeping data for the other facets unchanged. The random forest algorithm was applied through the randomForest package in Rstudio 1.1.383.

The 24HR variables of 16 facets, food IDs (a series of numbers identifying food items) and food subgroups (elements of main food groups) were regarded as predictor variables. The detailed food group information can be found in Additional file [1](#MOESM1){ref-type="media"}. The energy and 33 macro- and micronutrients were regarded as response variables and were predicted one by one with the prediction variables. Food IDs were treated as continuous variables because it exceeds the limit of 32 levels allowed to categorical variables in the implementation of random forest. As comparable foods were numbered sequentially, treating food ID as continuous is reasonable. Facets were treated as categorical variables. Facet "Flavoured/added components" was separated into three sub-groups based on the category (nuts, sugary, savoury) of its descriptors, since the number of descriptors also exceeded the allowed 32 for categorical variables like in food IDs. The variable brand name was not included as a predictor, as this consists of a free text field, yielding many unordered categories that were difficult to separate into sub-groups. Instead, we included the facet "Brand name (yes/no)" that indicated whether this brand name field was filled in or not.

To facilitate the comparison of the relative importance of facets between nutrients, within each food group and each nutrient, %IncMSEs were normalized by dividing them by the highest %IncMSE over the facets. The maximum normalized %IncMSE for the facet across all nutrients would be retained for each food group. After deleting facets with a maximum normalized %IncMSE lower than 0.80 in each food group, small effects on population nutrient intake distributions were observed, therefore a cut-off point at 1.00 was chosen for more significant results. Hence, in each food group, facets with a normalized value below 1.00 for all nutrients were considered unimportant.

Simulation study {#Sec6}
----------------

We conducted a simulation study to investigate if deleting unimportant facets could affect the population nutrient intake. We summarized the average nutrient intake of two 24 HRs for each participant and calculated the population nutrient intake distributions in both the original and simulation scenarios.

The first step was to create the simulation datasets. After deleting one or more unimportant facets, we linked new unique food-descriptor combinations to the national food composition database NEVO semi-automatically. As illustrated in Fig. [1](#Fig1){ref-type="fig"}, for each new combination, a NEVO code was assigned based on the NEVO codes that have been linked to the same food with the most similar descriptor combinations by dieticians during the survey period. To identify the most similar descriptor combination, we gave combinations a positive score for each identical pair of descriptors (equal to the maximum normalized %IncMSEs) and a penalty for descriptors that were different (equal to the negative maximum normalized %IncMSEs). The scores were summed, and the NEVO code of the food-descriptor combination with the highest score was assigned to the combination that needed to be relinked. In case there were more than one NEVO codes with the same highest score, or when no descriptors were left for a food item after deleting unimportant facets, the NEVO code of a food-descriptor combination with a higher consumed quantity would be selected. In case the consumed quantities were also the same (occurred in 38 cases), a researcher decided on NEVO code selection.Fig. 1Flow chart of the NEVO code Reassignment Protocol. A NEVO code was assigned to each relinking combination according to the NEVO codes of the same food with the most similar descriptor combinations that have been linked by dieticians during the survey period. The combinations received a positive score for each identical pair of descriptors (equal to the maximum normalized %IncMSEs) and a penalty for descriptors that were different (equal to the negative maximum normalized %IncMSEs). The scores were summed, and the NEVO code of the food-descriptor combination with the highest score was assigned to the combination that needed to be relinked. In case there were more than one NEVO codes with the same highest score, or when no descriptors were left for a food item, the NEVO code of a food-descriptor combination with a higher consumed quantity would be selected. In case the consumed quantities were also the same (occurred in 38 cases), a researcher decided on NEVO code selection

To summarize the population nutrient intake distributions in both the original dataset and the simulation dataset, the energy and nutrient contents for 100 g of foods in NEVO were multiplied with the quantities consumed in DNFCS 2007--2010, averaged over two days of each participant. All results were weighted for small deviances in sociodemographic characteristics (age, sex, region, the degree of urbanisation and educational level), the day of the week and the season of data collection, to give results that are representative for the Dutch population and representative for all days of the week and all seasons. The mean, median, 5th, 25th, 75th, 95th percentile and the percent differences of consumption per nutrient between the original and simulation dataset were calculated for the total population and stratified by gender and age group (7--18 years old and 19--69 years old). The population nutrient intake distributions were conducted using the SAS 9.4, and the percent difference between the original and simulation dataset was calculated using Excel 2016 software.

Results {#Sec7}
=======

Table [2](#Tab2){ref-type="table"} shows the normalized maximum importance (%IncMSEs) of 16 facets in predicting the nutrient contents of food items within each of 17 food groups. Using a cut-off point of 1.00, we identified a total of 64 out of 112 facets across food groups as unimportant, whereas a total of 50 facets fell below the cut-off point at 0.80. For a cut-off point at 0.80, 22% of the 350,369 facet descriptors were deleted in the total food consumption database. The majority of the percent difference between percentile estimates of the population nutrient intake distributions before and after facet deletion ranged from 0 to 1%, while only 2% cases ranged from 1 to 5% (Additional file [2](#MOESM2){ref-type="media"}).Table 2The maximum normalized %IncMSEs of the existing facets in each food groupFood groups1234567891011121314151617Facet namesPotatoesVegetablesLegumesFruits, nuts, olivesDairy (products)Cereal (products)Meat (products)Fish and shellfishEgg (products)Fats and oilsSugar and confectioneryCakes and sweet biscuitsNon-alcoholic beveragesAlcoholic beveragesCondiments and saucesSoupsMiscellaneous\# of Omitted/\# of original1Source0.53\*0.00\*0.12\*3/32Physical state/form as quantified1.001.000.34\*0.73\*1.000.80\*1.001.001.001.003/103Cooking method0.77\*1.000.31\*1.000.26\*1.001.001.001.001.003/104Preservation method1.001.000.61\*1.000.35\*0.51\*0.70\*1.000.52\*5/95Packing medium0.02\*0.87\*1.000.61\*0.00\*0.40\*0.00\*1.000.00\*7/96A^a^Flavoured component A1.000.50\*0.74\*2/36BFlavoured component B1.000.96\*0.50\*0.63\*3/46CFlavoured component C1.000.83\*0.67\*0.65\*3/47Sugar content0.57\*1.001.001.001.000.60\*2/68Fat content1.001.001.000.00\*1.000.60\*2/69Type of packing1.000/110Food production0.68\*0.68\*0.89\*1.001.000.92\*0.41\*5/711Enriched/fortified0.89\*1.001.000.50\*0.85\*1.003/612Brandname (yes/no)0.69\*0.73\*0.85\*1.000.00\*0.00\*1.000.96\*0.84\*1.001.000.87\*0.82\*0.74\*10/1413Skin consumed1.001.000.82\*0.00\*0.40\*3/514Visible fat consumed0.00\*1/115Type of fat used1.000.31\*0.06\*0.45\*0.90\*0.38\*5/616Type of milk/liquid used1.000.30\*0.63\*1.000.60\*1.001.000.70\*4/8\# of omitted/ \# of original3/81/55/65/88/125/117/83/61/20/31/56/64/80/12/53/510/13\*Facets to be omitted for the corresponding food group with the maximum normalized %IncMSEs (among all nutrients) below the cut-off point of 1.00^a^Random forests require categorical predictors to have no more than 32 levels. Facet 6 (flavoured component) has more than 32 levels and was categorized into three sub-groups (6A, 6B, 6C) based on the category of flavours (nuts, sugary, savoury)

From Table [2](#Tab2){ref-type="table"}, for a cut-off point at 1.00, no facets were unimportant in the food groups 'Fats and oils' and 'Alcoholic beverages', whereas all facets were unimportant for 'Cakes and sweet biscuits'. The food group 'Miscellaneous' has the largest amount of unimportant facets than the rest of the food groups. In the 'Meat' group, most facets had zero effect in predicting food groups, including 'Source', 'Packing medium', 'Fat content', 'Brand name (yes/no)', 'skin consumed, and 'visible fat consumed'.

From the facet perspective, 'Brand name (yes/no)' and 'Packing medium' were unimportant for the most of the food groups (10 and 7 food groups, respectively). The number of deletions ranged from 1 to 5 times for the rest of the facets. 'Source' and 'Visible fat consumed' were unimportant for all the food groups for which they are relevant (3 and 1 food groups, respectively). On the other hand, 'Physical state' and 'Cooking method' were strong predictors (importance of 1.00) for the largest number of food groups. Facet 'Type of packing' was only available for the food group 'Fats and oils' and was a strong predictor for that food group. Despite 'Brand name (yes/no)' was unimportant for most of the food groups, it was a strong predictor for food group 'Cereals', 'Fats and oils', 'Alcoholic' and 'Non-alcoholic beverages'. Full results of the facet importance for each nutrient in each food group can be found in Additional file [3](#MOESM3){ref-type="media"}.

In the original total food consumption database, 35% (121,015 out of 350,369) of the total descriptors used were identified as unimportant, which has resulted a NEVO code change of 11% (2923 out of 26,679) combinations in the unique food dataset and 3.7% (8196 out of 219,006) combinations in the total food consumption dataset.

After reassigning the NEVO codes, the population means and percentiles of two days' average energy and nutrient intakes in DNFCS 2007--2010 were calculated, as well as the percent difference between the original and the simulation result. Table [3](#Tab3){ref-type="table"} shows the results of energy and ten nutrients that were commonly found in the nutrition facts label. The results of all nutrients can be found in Additional file [4](#MOESM4){ref-type="media"}. The majority (79.4%) of the percent difference between distribution percentiles before and after facet deletion ranged from 0 to 1%, while 20% cases ranged from 1 to 5% and 0.6% cases more than 10%. Percent difference larger than 1% were mainly found in vitamins. Differences more than 10% appeared mostly in vitamins for 7--18-year-olds and in the extreme percentiles P5 and P95. Some of the differences that were larger than 10% were small as the absolute difference. For example, the most significant difference of 14.1% was for the P95 of vitamin B6; but the absolute difference of the two scenarios was 0.5 mg (rounded to mg). No general patterns were found on nutrient over- and underestimation after facet deletion for most nutrients. However, lower vitamin C contents were found in each percentile after facet deletion for all age groups, whereas higher amounts of vitamin B group were found after facet deletion.Table 3The population means and percentiles of two days' average energy and ten nutrients' intake distributions before and after facets' deletion at cut-off at 1.00Nutrients7--18 years19--69 yearsAll agesMaleFemaleMaleFemaleMaleFemaleBeforeAfter% D^a^BeforeAfter% DBeforeAfter% DBeforeAfter% DBeforeAfter% DBeforeAfter% DEnergy (kcal) P5145714560.013141318−0.3148214810.011211134−1.1148114750.411631165−0.2 P25185918570.1167116690.1204820420.3153915390.0201020090.115651567−0.1 P50222622260.019151920−0.224832487−0.2183718340.224212427−0.2185318510.1 P7526532657−0.1220021990.0296429650.022232225−0.1290729060.022202225−0.2 P95367636540.6269426940.037493764−0.4283428300.237423745−0.1281328060.2 Mean23262328−0.119511953−0.125342539−0.219021905−0.124962500− 0.219111914−0.1Protein (g) P54141−0.437370.055550.042420.049490.04141−0.2 P255656−0.35050−0.17474−0.15757−0.17070−0.45555−0.3 P506970−0.859590.28788−0.268680.084840.36666−0.1 P7586860.27070−0.21051050.482820.1102102−0.180800.0 P951141140.091910.41331320.51021020.01311300.31011010.2 Mean72720.061610.090900.070700.187870.069680.1Fat (g) P545450.14041−0.94747−0.134340.24747−0.43535−0.8 P2563630.156560.17373−0.35253−0.471710.45353−0.4 P508383−0.97070−0.89595−0.36869−0.19293−0.36969−0.1 P75102103−0.98687−1.2118119−1.09090−0.5116117−1.38989−0.4 P951511510.01121120.0158158−0.3122123−0.7158158−0.1120121−0.9 Mean8787−0.37273−0.49898−0.47373−0.49696−0.47373−0.4Saturated fatty acids (g) P51616−0.914140.21616−0.11212−0.11616−0.11213−4.1 P2523230.621210.52727−0.42020−1.72626−0.32020−1.8 P503030−0.72727−1.33435−0.32627−1.43334−0.52627−1.1 P753939−0.43333−0.34444−0.53535−0.14343−0.53434−0.5 P955454−0.74444−0.26061−0.649490.65859−0.84848−0.1 Mean3232−0.32728−0.43636−0.72828−0.73535−0.62828−0.6Carbohydrates (g) P5187188−0.1160161−0.31471470.01171170.41511500.1121121−0.1 P252382370.42132120.52142130.41711700.1218219−0.1176177− 0.5 P502872880.02462460.02662650.3208209−0.3270270−0.22162160.0 P753443440.02862860.23303300.02512510.1334334−0.12602600.1 P954544540.0359361−0.44364360.13383370.24394380.23413400.2 Mean2992990.02522510.1277277−0.12152150.0281281−0.12222220.0Monosaccharides (g) P579790.96565−0.24243− 0.43838−1.146450.441410.3 P251201200.11031020.882810.873720.486860.076760.3 P501481480.31311300.2114114−0.196960.01221220.31031020.1 P751851850.31611601.01591590.21291290.21661650.31371370.0 P952632630.0218218−0.12432430.2193194−1.02462460.0200201−0.6 Mean1561560.21341330.41251250.1104104−0.11311300.11091090.0Fibre (g) P59.89.790.09.09.1−0.311.611.60.19.69.60.010.910.90.09.59.50.0 P2513.914.2−2.212.612.7−0.816.916.9−0.114.214.10.516.316.3−0.313.913.9−0.2 P5017.517.8−1.915.515.40.621.521.6−0.217.617.50.121.021.0−0.117.217.20.0 P7521.721.8−0.418.618.8−0.726.426.6−0.822.022.00.125.826.0−0.721.321.3−0.1 P9529.929.90.024.625.0−1.535.635.30.828.628.6−0.135.335.10.728.428.30.3 Mean18.518.5−0.416.016.1−0.522.322.30.018.418.40.221.621.60.018.018.00.0Sodium (mg) P5144714440.2127312700.2162516220.2122612190.615331559−1.7123412280.5 P2519511953−0.117481754−0.323572364−0.317731789−0.922702272−0.117671785−1.0 P5024732492−0.8213921340.229702986−0.522362239−0.128732890−0.6222522240.1 P7531473152−0.2256725680.036303644−0.428122825−0.535403561−0.6278227820.0 P9542564260−0.133983409−0.347924830−0.837723780−0.247394745−0.136683674−0.2 Mean26112619−0.321952198−0.130583065−0.223362346−0.429772984−0.223112320−0.4Calcium (mg) P5391391−0.13323320.04704690.24294290.0448449−0.24044040.0 P25686690−0.5616627−1.9791792−0.1708710−0.37697690.0695696−0.2 P509229170.5828834−0.7109210910.19449410.310491055−0.69249240.0 P7512321238−0.510721080−0.7144814410.411951199−0.3140314010.111761179−0.2 P9518321865−1.8154515450.0199919990.0170217020.0199819980.016771681−0.2 Mean9951000−0.4874880−0.611481150−0.19929920.011211122−0.1971973−0.1Vitamin C (mg) P524241.32321**8.3**2627−1.224240.326260.024232.0 P2548463.64744**5.2**5050−0.151510.050491.250482.8 P507672**5.4**7367**8.4**84831.183812.182801.781792.2 P751151094.91101064.11291272.01261241.61271233.31221192.3 P95176167**5.2**1691652.62182180.02092061.32102081.02042011.9 Mean86824.88479**5.3**98961.595941.696942.193912.2Vitamin B6 (mg) P50.70.7−4.60.70.7−3.00.90.9−0.20.70.70.20.90.9−1.50.70.7−2.1 P251.11.2−3.71.01.0−4.11.51.5−1.91.11.1−1.01.41.4−2.21.11.1−2.0 P501.61.6−4.21.31.4**−6.2**2.02.0−1.51.51.6−1.21.91.9−2.61.51.5−2.8 P752.22.4**−10.4**1.81.9**−5.1**2.52.6−3.02.12.1−1.02.52.6−4.42.02.1−2.2 P953.84.3**−14.1**3.03.4**−13.5**4.14.3−2.63.43.5−3.14.14.3−4.13.33.5**−6.8** Mean1.81.9**−7.5**1.51.6**−7.6**2.22.2−2.51.71.8−1.92.12.2−3.31.71.7−2.8^a^% D represents the percent difference of nutrient intake distributions before and after facets' deletion for the Dutch population aged 7 to 69 yearsPercent difference larger than 5% are shown in bold

Discussion {#Sec8}
==========

To enhance the efficiency of data collection and handling of GloboDiet 24HRs, we explored the option of deleting less important food characteristics (facets) from the interview. The importance of each facet in predicting nutrient contents in foods was determined by the random forest algorithm. When the 35% least predictive facets were deleted from the dataset of the Dutch National Food Consumption Survey 2007--2010, the difference between the original and simulated population nutrient intake distributions was small for the majority of the nutrients.

There are several possible explanations for certain facets to be less or more predictive in certain food groups. One reason for less predictive facets is that some facets were only applicable to a few food items in certain food groups, and those food items were rarely consumed. An example of this is the facet 'Enriched/fortified' in the food group 'Cakes and sweet biscuits'. A second reason is a lack of variation in the chosen descriptors within a facet. An example of this is the facet 'source' in dairy products since cow milk is the basis for the majority of the consumed dairy products in the Netherlands. Another possible explanation for the less predictive facets is the use of a generic food composition database NEVO \[[@CR27]\]. Some facets might have been important for predicting true nutrient levels but not for averaged nutrient levels of generic foods. For example, the facet 'Brand name (yes/no)', which could typically be a good predictor for nutrient levels in industrially processed foods \[[@CR28]\], showed low predicting power for most of the food groups in this study.

In contrast, some facets showed strong predictive power in estimating nutrient contents in certain food groups. The facet 'Type of packing' predicted strongly for the 'Fats and oils' group, because the type of packing materials could distinguish solid from liquid fat. Hence, the variance in the fat content between solid and liquid fat could be differentiated by the facet 'Type of packing'. Similarly, as can be expected from a nutrition point of view, facet 'Physical state', 'Sugar' and 'Fat content' were strong predictors for most of their allocated food groups, except for unprocessed products (e.g., fruit, meat, and fish).

In terms of comparing nutrient intake distributions before and after the facets had been deleted, a difference of less than 10% was found for most nutrients. A similar finding was observed in a study that investigated the effect of a concise versus an extensive food list in a self-administered web-based 24HR tool. They found that the differences between population nutrient intakes assessed by two methods were less than 6% \[[@CR29]\], which is consistent with our study that the majority of the differences fell below 5% before and after facet deletion. In this study, the small difference could be explained by the fact that 96.3% of the combinations were relinked to the same food code in the food composition database. From this, we speculated that sufficient information for NEVO linkage could be provided by the food names and remaining facets. For those combinations with deleted facets that were linked to different food codes in the food composition database, the difference in nutrient contents of the original and alternative food codes may have been small, or the foods were consumed by few persons or in small amounts and therefore did not influence population nutrient intake distributions substantially.

Specifically, a significant decrease in the amount of vitamin C was found for children in our study, and the reason was speculated to be the deletion of the facet 'Enriched/fortified' in the food group 'Non-alcoholic beverages'. According to the report of 2007--2010 survey, 'Non-alcoholic beverages' and 'Meat and meat products' together, contribute for one third to the total vitamin C intake partly due to food fortification and processing \[[@CR24]\]. Hence, beverages with fortification were linked to NEVO codes for products without fortification and resulted in a lower vitamin C content. On the other hand, a large increase in the amount of vitamin B group was found for children. A possible explanation would be the deletion of 'Flavoured component' in the food group of 'Cereal', which may have caused a linkage between flavoured cereals to cereals without flavours (i.e., whole wheat cereals) which normally have higher vitamin B contents. A closer investigation should be conducted before deleting facets in the real setting.

To our knowledge, this is the first study investigating the impact of reducing food descriptions in interview-based 24HRs for the estimation of population nutrient intake distributions. Until now decisions on the facets that were included in the 24HR interview of DNFCS were based on expert judgment. A strength of our approach is that both evaluating the facet importance and assessing their impact was data-driven. Another strength is the use of the random forest for the identification of unimportant facets. This prediction model is more efficient in large datasets, has a lower risk of overfitting and is better in dealing with correlated predictors than multiple linear regression \[[@CR30]\]. However, the applied random forest implementation only allows nominal variables with a limited number of levels as predictors. Therefore, the nominal variable "food ID" was treated as a continuous variable, and the importance of the information on the full brand and product name of each food could not be evaluated. Also, the importance of the facet "Cooking method" could not fully be assessed, since the added fat in case of frying was not included in the nutrient content of the food, but became a separate food item in the food consumption database. Another limitation of our study was the use of a semi-automated protocol of reassigning a different NEVO code to combinations with deleted facets rather than applying the original approach of 'manual' linkage by dieticians. However, manual matching would only have further decreased the effect of facet deletion, so we do not think our conclusions would have been different. Finally, the impact of facet reduction on respondents' answers during the food description part of the interview was not assessed. Although a face-to-face or telephone 24HR interview has generally smaller self-reporting error than other methods, measurement error still exists (i.e., rely on memory, underreporting) \[[@CR6]\]. However, we assume that the effect of facet reduction on self-reporting error will be small.

The scope of our analyses focused on the nutrition aspects in deleting facets, while other aspects can be important as well. One example is the facet 'Physical state', which is essential in quantifying the consumed foods, e.g., coffee powder is quantified differently than coffee as a beverage. Moreover, deleting facets that could estimate exposure to potentially harmful substances should be carefully considered for practical use. For example, facets related to food preparation should be kept for some foods like meats since it is a crucial food characteristic to identify microbiological risks. In principle, the procedure described in this manuscript can also be applied to evaluate facet importance for food chemical distributions. The facets and descriptors of the GloboDiet software can be tailored for any new study \[[@CR17]\]. Researchers use this software should thus consider carefully which food characteristics are important for their study aims before the start of a study.

The objective of looking at the reduction in food characteristics was to enhance efficiency in conducting future surveys. Less extensive food description would result in a shorter interview duration and less work in linking the food with the food composition database. The time needed to go through facets for all consumed foods was estimated to be 15 min out of a 44 min 24HR interview. Without 35% of the unimportant facets, the time saved for one interview would on average be 5 min. In a survey with 3819 participants that are interviewed twice, a total of 637 h would be saved. Moreover, less extensive food description during data collection would lead to fewer unique food-descriptor combinations reported in a survey. In the data handling phase, each unique food-descriptor combination needs to be linked manually to the food composition database, which would cost 5 to 10 min approximately. Hence, a reduced number of 3534 unique combinations (from 26,679 to 23,145) after deleting less important facets would save around 442 h. To sum up, we estimated that around 1079 h would be saved for both data collection and handling if facet deletion would be applied.

The current study focused on reducing the number of facets as a potential efficiency measure for a national food consumption survey. Other alternative efficiency options have also been studied elsewhere. One alternative is to use 24-h dietary recall software to guide the interviews in which the food list is directly related to the foods in the national food composition database \[[@CR9], [@CR31]\]. The reason why GloboDiet did not choose this option was to give flexibility for new foods that have entered the food market (but have not been included in food composition databases yet), to standardize food description across different countries that use the same software, and to be able to collect characteristics of food relevant for other purposes than nutrient intake estimations \[[@CR17]\]. A more cost-efficient alternative regarding dietary assessment is to use self-administered methods. However, the accuracy and reliability of those tools need to be further evaluated, due to self-reporting errors, and various levels of acceptance by different age-groups \[[@CR32]\]. Furthermore, matching food consumption and food composition data could be more efficient through automatic or semi-automatic linkages. In this study, decisions on NEVO code reassignment for food-descriptor combinations were made based on a simple algorithm with the results of the random forest algorithm. For matching future food consumption data automatically or semi-automatically, random forest prediction models using available previously matched food consumption and food composition data as training dataset could be developed. Similar approaches have been developed in some studies including a semi-automatic food matching technique using machine-learning and a natural language processing approach. These approaches have shown a promising future of replacing manual linkage between food and food composition database \[[@CR33], [@CR34]\].

Conclusion {#Sec9}
==========

In conclusion, the data-driven procedure that combined random forest prediction with a simulation study was successful in identifying less important characteristics of food description. After deleting those less important characteristics, there was little impact on the population nutrient intake distributions for most nutrients, thus yielding a promising approach for saving labour and costs.
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